
 

 

 

Abstract—General river remediation projects mainly focus on 

raising resistance capacity of water infrastructure. In reality, river 

management system is comparably important to cope with water 

extremes. An accurate water-level prediction model is crucial to 

successful river management, but the model is still not ready for 

Korean major rivers. In this study, a water-level prediction model 

using a neuro-genetic programming is suggested for its practical 

usages such as a model construction process, model accuracy, and 

generalization. On behalf of Korean major rivers, several points at 

Yeongsan River are selected as study sites and the model accuracy and 

usage are discussed. 
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I. INTRODUCTION 

OREAN Four-river Remediation (KFR) project was 

initiated to solve current water problems such as floods, 

droughts, and stream depletion. With total expenses 

approximately amounting to a tenth of the annual national 

budget, the Korean Ministry of Land, Transport and Maritime 

Affairs constructed and rehabilitated a variety of water 

infrastructures such as reservoirs, weirs, and dikes and dredged 

the river bottom, and also established wetlands and eco-parks 

from 2009 to 2011. After finishing KFR project, valuable river 

management models including a water-level prediction model 

are needed to cope with change of river shape and data. This 

study was started with a viewpoint that existing ways to predict 

the water level are not proper to draw full potentials of newly 

constructed water infrastructures. Hence, as a methodological 

alternative, the authors intended to examine practicality of 

using an artificial neural network (ANN). Indeed, ANN has 

become most popular in various system engineering 

communities [1],[ 2]. It becomes most useful when models need 

good performance and fast calculation in short-term or 

real-time prediction. However, ANN is not widely used in 

practice because of some limitation such as difficulty in model 

construction and unreality in prediction period. In this study, 

development of ANN model is studied to prove its easy built 

process and realistic prediction period. For this purposes,  three 

study areas where weirs were newly constructed at Yeongsan 
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River are selected. The findings in this study are expected to 

contribute to consolidating practical grounds for the short-term 

(1 day) water level prediction in Korean major rivers. 

II. METHODS 

A. Study Areas 

 In Korea, there are four major rivers: Han River, Geum 

River, Yeongsan River and Nakdong River. By the KFR 

project, several dams and weirs were constructed in Yeongsan 

River, and it caused lots of changes such as flow speed and 

water level. Therefore, three important water level gaging 

station in Yeongsan River are selected as study sites (Fig. 1). 

1-day ahead prediction of water level at each point is carried 

out for realistic usage to Korea’s river condition. 

 

 
Fig. 1 Study sites at Yeongsan River 

B. Neuro-genetic Programming 

An artificial neural network is a famous model in many 

research fields. In many ANN studies, the model structure has 
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been selected through a trial-and-error method [3], [4]. In this 

study, neuro-genetic programming (an integrated method 

using both neural network and genetic algorithm (GA)) is used 

to optimize the ANN structure (Fig. 2). In the data collection 

part, data of rainfall and river flow are used for 1-day ahead 

water level prediction. 

 
Fig. 2 Flow chart of Neuro-genetic programming 

C. Data Variables 

Rainfall and upstream flow are used as input variables based 

on literature reviews [5], [6]. To use the data, there were some 

limitations such as data inaccuracy, missing, and analysis 

period. Therefore, 5-years data (2004-2008) are used in this 

study, and the total period is subdivided into two periods: 4 

years of training/validation and 1 year of testing. In the result 

section, optimized ANN structure from training/validation 

data and water level prediction result from testing data are 

mainly discussed. 

III. RESULTS AND DISCUSSIONS 

To construct and optimize ANN model using GA, the 

authors applied data (from 2004 to 2007) for input variables 

and then compared the prediction results with recorded water 

levels. For all measurement points, the models could explain 

the changes of water levels very satisfactorily considering that 

R2 of testing results spans from 0.85 to 0.90. Results of 

optimized ANN structure in each table indicate that hyperbolic 

tangent functions and logistic curves were dominantly selected 

as activation functions in hidden layers rather than linear 

functions. This agrees with Daliakopoulos et al. (2005) [7], 

who stated that sigmoid-type functions ensure better 

performances on the ANN model. To compare single hidden 

layer with double hidden layer, double hidden layer showed 

more appropriate result for complex data type (see Fig. 3, 4, 5). 

 

 

 

 

 

 

Optimized ANN structure Testing result 

Number of inputs 9 

 

AFs at 1st hidden layer* 
2Lo, 1T, 

1Li 

AFs at 2nd hidden layer* - 

AF at output layer* Lo 

Fig. 3 Results of Bondong study site 

* The expression "aLo, bT, cLi" means that "a, b, c" is the number of 

each function and "Lo, T, Li" stand for logistic function, hyperbolic 

tangent function, and linear function in order. The sum of "a, b, and c" 

is the total number of nodes at each layer. 

Results of Bondong study site showed that even single 

hidden layer can predict the water level well according to R2 (= 

0.89). It means that whether single hidden layer predicts better 

than double hidden layer is dependent upon data 

characteristics. Bondong result showed that the neuro-genetic 

programming can accurately predict the water level. 

 

Optimized ANN structure Testing result 

Number of inputs 11 

 

AFs at 1st hidden layer* 
16Lo, 

8T, 3Li 

AFs at 2nd hidden layer* 10Lo, 6T 

AF at output layer* T 

Fig. 4 Results of Naju study site 

 

Similar to the Bondong results, high model performance was 

obtained in Naju study site. Unlike in Bondong site, double 

hidden layer outperformed the single hidden layer in this site. 

 

Optimized ANN structure Testing result 

Number of inputs 6 

 

AFs at 1st hidden layer* 
14T, 

14Li 

AFs at 2nd hidden layer* 2Lo, 2T 

AF at output layer* T 

Fig. 5 Results of Yeongsanpo study site 

 

Also, double hidden layer showed the better prediction 

results than single hidden layer in Yeongsanpo site. Finally, 

the prediction result from all study sites indicated that 

neuro-genetic programming is an appropriate model for water 

level prediction according to criteria (R2=0.93) (Fig. 6).  
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Total testing result 

 

Fig. 6 Total prediction result in all study sites 

 

Finally, the prediction result from all study sites indicated 

that neuro-genetic programming is an appropriate model for 

water level prediction according to criteria (R2=0.93). 

Although some professional efforts for programming were 

required for optimizing the ANN structure, it is obvious that 

these programming greatly reduced the labor in repeating trials 

and errors. Simultaneously, with the assistance of linking the 

ANN model with the GA, the authors could have great 

confidence in determining hidden layers, nodes, and activation 

functions, which might otherwise have been arbitrary. The 

Korean river management system needs 1-day to decide the 

operation of upstream infrastructure to maintain the 

downstream water levels. Practically, it is important to have the 

prediction methods and models that are highly advantageous to 

predict the 1-day ahead water levels. In this perspective, the 

ANN models coupled with the GA showed satisfactory validity 

(e.g., 0.85 < R2 < 0.90 for 1-day ahead water level). 

IV. CONCLUSIONS 

The KFR project was implemented by Korean government 

with a great deal of ambition. For adaptive capacity of the river 

management system, this study had a special interest in raising 

the capability of predicting water levels at various points of the 

rivers. Results indicate that neuro-genetic programming makes 

possible to greatly reduce the trials and errors. The optimized 

ANN model can have great advantages to set up the hidden 

layers, nodes, and activation functions in a more formulated 

manner. Finally, it was found that the built models have great 

prediction abilities based on criteria. 
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